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Abstr act
Est imates of hydrological parameters at ungauged sites have traditional ly been
obtained from regression equations. This study investigates alternative methods based
on the classifi cation of catchments according to their fl ow regime, the assignment of
ungauged catchments to a class based on physical character ist ics of the catchment,
and the use of similar ity measures to transfer parameters from gauged to ungauged
catchments. The report considers the methods that can be adopted in this type of
approach, and the many var iat ions that must be considered in their implementation.
The methods are examined using a set of 99 catchments from the UK, and are seen
to be efi cacious in estimating the unit hydrograph t ime to peak and standard
percentage runoff , as defi ned by the UK Flood Studies Report . A step-by-step guide
and worked example show how the method can be applied in pract ice.
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Executive Summary
A much used method of est imating hydrological parameters at ungauged sites has
been to use empir ical ly derived regression equat ions. The UK Flood Studies Report
adopts such an approach to derive rainfal l-runoff model parameters (unit hydrograph
t ime-to-peak and percentage runoff) for use in a design fl ood est imat ion procedure.
However, users of this procedure are strongly recommended to examine parameters
derived on simi lar nearby gauged catchments to refi ne or replace the regression
estimates at the ungauged site. Th is recommendation is backed up by experience in
using the methods rather than an analysis of data. If , in pract ice, the best parameter
estimate is obtained using so-called local data then it seems reasonable to attempt to
develop an estimation procedure based on this approach rather than regression
analysis. This report examines a variety of methods that adopt this type of approach,
and the best of these are found to be as good, or better, than the regression based
method.
A three part approach was used in the study. Firstly, catchments were classifi ed
(clustered) according to observed fl ow indices to give a broad distinction between
hydrological regimes. Secondly , a method of assigning catchments to the classes
based on physical propert ies of the basins was developed. Thirdly, the catchment
propert ies and cluster membership were used in fi ve different ways to est imate the
hydrological parameters. The fi ve methods included averaging the observed parameter
values from sites within the same cluster that are most similar to the ungauged sites,
and developing separate regression equations for catchments in each cluster.
Var iat ions on the former of these al lowed the similar catchments to be from more
than one cluster where there was some ambiguity about to which cluster the ungauged
site belonged, and also to add a geographical distance l imit to the search for similar
catchments.
Many issues need to be resolved in adopt ing this approach. The clustering process
can be performed using di fferent procedures (eg. agglomerative or hierarchical) and
dif erent flow variables (or transformations of variables), and since the hydrological
data form a conti nuum rather than a clumped data set, a decision on the number of
clusters is also needed . The assignment process uses discr iminant analysis but, as in
the clustering process, requires a review of which catchment data are most useful ,
al though this time the data are the physical properties rather than the fl ow indices.
The data available for this study come from 99 catchments mainly in England and
Wales, but with a few from southern Scotland. Seven variables der ived from
observed data were available to describe var ious aspects of the fl ow regime, and a set
of nine catchment characteristics abstracted from maps described the physical nature
of the drainage basin.
Clustering of the catchments used the K-means algorithm appl ied to principal
components derived from all seven fl ow var iables. Assignment of catchments to
clusters used discriminant analysis applied to canonical var iables obtained from all of
the available characteristics. An examination of the parameter estimation methods
showed that good results were being obtained with very few (ie. two or three)
clusters. In both of these cases the catchments were divided into groups that contained
roughly the same number of members (two clusters 51 and 46 members: three
clusters 34, 29 and 36 members). Some geographic trends could be seen in the
catchments but location was not a strong distinguishing feature of the groups. The
assignment process correctly placed 91 and 76 (of 99) catchments in the two and
three cluster cases respectively . The poorer performance of the assignment process
in the three cluster case demonstrates why moving to a greater number of clusters,
in which the type of catchment becomes better defi ned, is not necessar ily the best
option.
The clustering and assignment process described thus far considers al l fl ow variables
equally and could be used as an aid in studies of , for example, low fl ows or fl oods.
The cluster membership information has been taken and used in the specifi c example
of est imat ing the Flood Studies Report variables time-to-peak and standard percentage
runof .
Of the methods investigated the best for the estimation of standard percentage runoff
was found to be from the two cluster scheme using the arithmetic mean of values
observed at the two most similar catchments within the cluster to which the ungauged
catchment is assigned. The similarity of the catchments should be assessed using the
part icular defi nition given in this report, which is based on the fi ve Winter Rainfal l
Acceptance Potential classes. This estimation method represents a considerable
improvement over the regression equation presented in Flood Studies Supplementary
Report No.16 both in terms of bias and RMS error . This result reinforces the advice
to use local data to refi ne regression equat ion est imates. The method can be
considered a formal ization of this general advice into a defi ned procedure.
The results for the estimation of time-to-peak are less clear cut. The equation
presented in Flood Studies Supplementary Report No.16 is robust and rel iable in most
applications, and errors in its estimation have a less dramatic ef ect than do errors in
percentage runoff . The best alternative to the regression approach was found to be
from a weighted mean of regression estimates obtained from indiv idual equations for
each cluster . This method works well in both the two and three cluster cases, giving
slightly lower RMS error than the regression equation but with sl ightly higher bias.
Overall there is not suffi cient gain with the new method to j ustify the complexity of
the new method.
Further refi nements are considered in which one fl ow variable is available at the site
of interest . This information can be used both in the assignment process and the
estimat ion process. The Base Flow Index is benefi cial in improving percentage runof
estimat ion compared with both the method developed for the transfer of local
parameter values, and the regression equation using Base Flow Index contained in
Supplementary Report No.16.
NOTAT ION
Cka, centroid coordinate for feature m of cluster k
du distance between catchment i and j
•
regression estimate of the rainfall-runoff model parameter for catchment i
from cluster k
Ik number of catchments in cluster k
number of catchment characteristics
catchment characteristic index
number of clusters
cluster number
Li set of n nearest neighbours for catchment i
number of attr ibutes (fl ow response measures)
attribute number
number of catchments
•
number of nearest neighbours used in the estimation of parameters
nc number of catchments used in the similarity comparison
nnik number of nearest neighbours to catchment i that are from cluster k
nmk number of catchments in cluster k
P dt probability that catchment i is a member of cluster k
prk prior probability of membership in cluster k
number of canonical variables, min (1, K-1)
RI rainfall-runof model parameter for catchment I
sample covariance matrix for catchment characteristics
V1 vector of canonical variables for catchment i
vw matrix of canonical variable weights
weight for feature m
'Cu, value of feature m on catchment i
Yu catchment characteristic j for catchment i
mean of catchment characteristic j
YS, standard deviation of catchment characteristic j
Yi vector of standardized catchment characteristics for catchment i
total within group variabil ity
ek variabil ity measure for cluster k
weight appl ied to the rainfall-runof model parameter for catchment I
co, weight appl ied to catchment characteristic t in the distance metric
1 Intr oduction
An approach to the estimation of extreme fl ow probabil it ies for ungauged catchments,
or catchments for which only l imited fl ow data are available, is to use a rainfal l-
runof model to transform a design rainfal l event into a peak fl ow value with a
specified probabil ity of exceedence. For catchments in the UK, the Flood Studies
Report (NERC, 1975) describes a methodology for conducting fl ood frequency
analysis for ungauged catchments based on this type of procedure. When applying
this method to ungauged catchments, it is necessary to determine model parameters
using data describing the physical characteristics of the catchment . The two most
important model parameters are the unit hydrograph time to peak, Tp, and the
standard percentage runof , SPR, which is a measure of the percentage of rainfall that
generates runoff . A third rainfall-runoff model parameter, the peak fl ow of the one
hour unit hydrograph, Qp, can be estimated from the value of Tp. The Flood Studies
Report (FSR) presents regression equations for obtaining estimates of these model
parameters. Later work, Flood Studies Supplementary Report No. 16 OH, 1985),
used slightly redefi ned definit ions of the model parameters, and presented new
regression equations for use at ungauged sites.
This regression based approach to the estimation of hydrological parameters is by no
means unique to the UK or to the studies mentioned above. The time of concentration
has been used in design fl ood studies for many years; the Bransby-Will iams (1922)
equation is one of the best known for estimating this characteristic time at an
ungauged site. Even restricting a survey to the estimation of unit hydrograph model
parameters yields a considerable literature. In a Brit ish context Nash (1960) presents
regression equations for the estimation of unit hydrograph parameters, but offers no
advice on how to estimate rainfall loss model parameters. Heerdegen & Reich (1974),
in their study of catchments in Pennsylvania, USA, and Cordery & Pilgrim (1983)
in a study of Australian catchments also fail to relate parameters describing a rainfal l
loss model to characteristics of the catchment or rainfall event.
The FSR recognised that there would be considerable uncertainty associated with the
model parameter estimates obtained from the regression equations, and suggested that
this might be reduced by incorporating local data (i .e., results from the analysis of
fl ood event data recorded on nearby catchments). The fi rst formal ization of this
recommendation is to be found in Lowing & Reed (1980). For t ime to peak, the
recommendation is a simple scaling of the regression equation estimate by a local
scal ing factor (i .e., the observed value divided by the estimated value averaged over
all nearby sites), subj ect to condit ions concerning the similar ity of the site of interest
and its neighbour. These conditions are that the catchments are of about the same size
and that they are both on the same river channel . The suggested size constraint was
that the larger catchment should be no more than fi ve times the area of the smaller.
For SPR, it was suggested that a value should be transferred from a nearby site if the
neighbouring catchment is broadly similarly in terms of geology, topography, and
land use. These recommendations were based on "experience of using the model "
rather than an analysis of gauged data.
Two issues are raised by these recommendations . Firstly, is it possible to demonstrate
that this use of local data is benefi cial, and if so can the benefi t be quantifi ed?
Secondly, if it is better to use local values of SPR rather than the regress ion equation,
should a method of estimation based solely on the use of local data be recommended
in place of the regression equation?
Th is report examines alternative methodologies for estimating the requisite rainfall-
runof model par ameters based on the use of local data, and compares such estimates
with those derived from the FSSR 16 regression equations . However , an important
feature of this study was to move away from the idea of using data only from
catchments in the proximity of the study catchment, towards the use of information
from sites that are similar, but not necessarily close, to the ungauged catchment. Th e
only available method by which an ungauged catchment can be judged similar to, or
dif erent from, others is by comparing catchment characteristics.
The problem described above has some parallels with work in regional fl ood
frequency analysis based on estimating extreme fl ow probabilities at gauged or
ungauged sites using annual fl ow data from a collection of gauged locations . Wiltshire
(1986) employed a combination of cluster analysis and discriminant analysis to
estimate extreme fl ows at ungauged sites . Acreman (1987) and Acreman & Wiltshire
( 1989) suggested a framework for regional fl ood frequency analysis that dispenses
with the need for unique regions. Burn (1990) presented an evaluation of such a
technique referred to as the Region of Infl uence approach wherein fl ood frequency
analysis for a selected site uses information from all other gauged sites that are
suffi ciently similar to the site of interest .
In the present study, preliminary work showed that some catchments with similar
phys ical characteristics had dif erent fl ow regimes, and that an initial division of
catchments into a number of groups may prove necessary , or benefi cial, in estimating
hydrological parameters at the ungauged site. The fact that this seemed necessary
indicates that the guidelines for assessing the similarity of catchments prior to transfer
of model parameters were an essential cons ideration in the use of data from nearby
sites .
In addition to comparing methods of model parameter estimation using catchment
characteristics, this study considers how the der ived fl ow parameter , base fl ow index
(BFI), can be used to improve estimation. Th is parallels the use of BFI in a
regression equation to est imate SPR that is recommended in preference to the
catchment character istics regression by FSSR16.
2 Approach
Th e FSSR16 approach to model parameter estimation was to cons ider all catchments
together and to fi nd the best, physically acceptable, regression model. Local data
could then be used according to the suggested gu idelines and at the users' discretion
to refi ne the est imates . In th is study, we start by grouping the catchments into a small
number of classes according to their hydrological similarity. While it may have been
possible to make this hydrological classifi cation based only on the variables of interest
(i.e. , Tp and SPR), it was considered better to include a greater number of fl ow
variables as th is would give a more general view of the catchment' s fl ow regime, and
lead to a classification that may be appropriate beyond the present application. The
information about class membership is an extra item of data that may then be used
in building a parameter estimation model. Various models are considered for
parameter estimation, including a regression approach identical to that used in
FSSR16, and a "transfer value" approach similar to the one built into the "local data"
recommendations . Thus in the (trivial) case of grouping the catchments into one class,
estimation using the tradit ional regression equation, and local data approaches may
be compared . Where a greater number of classes are used, then an extra component
must be added to cons ider how ungauged catchments can be assigned to one of the
groups defi ned by hydrological similarity. The approach therefore comprises th ree
parts .
Classifi cation of catchments based on hydrologic similarity.
2 Assignment of catchments to classes based on their catchment characteristics.
3 Development of a method of model parameter estimation based on available
information, including probable class membership.
2.1 GROUPING OF CATCHM ENTS
Th e intent within the grouping process is to subdivide the entire set of catchments
based on similarity in the fl ow response of the catchments . Thus, for example,
catchments that have a very quick runof response should he distinguished from those
that have a slower and more sustained response.
2.1.1 Cluster ing Methods
To carry out the grouping of the catchments, cluster analysis (see, for example,
Anderberg 1973) can be employed. There are two generic types of cluster analysis;
the agglomerative or hierarchical approach and methods based on partitioning the data
set. The former approach is based on assembling individual objects into larger groups
whereas the latter approach is based on dividing a data continuum into distinct
groups . The nature of our problem and the intent of the catchment grouping process
conform more closely to the second approach and therefore in this work , the version
of the K-means clustering algorithm described by Burn (1989) was used.
2.1.2 The K-Means Algorithm
This algorithm div ides the entire set of obj ects (catchments) into K clusters (groups)
based on the values of M features, or attributes, of the obj ects. For the work
described herein, the features compr ised either a subset of the available fl ow response
measures, or variables derived as a l inear combination of the fl ow response measures.
The obj ective of the clustering process is to minimise:
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where W. is the weight applied to feature m in the Eucl idean distance measure;
is the value of feature m for obj ect i ; O m is the centroid coordinate for feature m of
cluster k; K is the number of clusters; l k is the set of obj ects in cluster k; and M is
the total number of features.
The K-means algor ithm involves selecting K obj ects to function as seed points, or
init ial cluster centroids. Each of the obj ects is then assigned to the cluster
corresponding to the centroid that it is nearest to where proximity is measured in
terms of a weighted Euclidean distance in the M-dimensional space defi ned by the
features selected (see Equation 1). After al l of the obj ects have been assigned to a
cluster, the centroid for each cluster is recalculated based on the membership of the
cluster. Each obj ect is then again assigned to the cluster corresponding to the centroid
that it is now nearest to, and after all obj ects have been assigned, the centroids are
recalculated. Th is process is repeated until no obj ect changes cluster membership in
successive applications of the assignment step. Within the clustering process, there
are several issues to be resolved, including:
The identi fi cat ion of a global optima.
2 The determinat ion of an appropriate number of clusters.
3 The selection of clustering var iables and associated weightings.
Identif cation of a global optima
This issue ar ises from the nature of the K-means algorithm. The algorithm, as
outl ined above, wil l identify the optimal part it ioning of the catchments for the
particular combination of K catchments selected as seed points. Although the results
tend to be reasonably robust with respect to the starting seed points, there is no
guarantee that a global , as opposed to a local, optima has been achieved . To
compensate for this, the catchments that act as the seed points were randomly selected
and the algor ithm was repeatedly solved with dif erent combinations of catchments
functioning as seed points. It was found that 200 repetit ions of the process provided
a reasonable assurance that a global optima had been identifi ed.
Determ ination of number of clusters
The selection of the number of clusters (groups) to div ide the catchments into
involves choosing a particular value for K. Formal approaches for select ing the
preferred number of clusters have been outl ined in the l iterature (Galeatti et at ,
1986) where the intent is to obtain homogeneous groupings of the obj ects while stil l
retaining a reasonable number of obj ects in each group. The employment of such a
procedure to th is applicat ion would have resulted in a fairl y large number of groups
(of the order of ten clusters) with a corresponding smal l number of members in each
group. Since the intent with the clustering component of the estimation process is to
obtain a broad classif ication of the catchments, in terms of fl ow response, a more
subj ective process was used to select K . Results were examined with the number of
groups ranging from two to fi ve and a subset of these results were retained for
considerat ion within the remaining stages of the procedure.
Selection of variables and weights
The clustering variables selected are used as the features, or attributes, in the
prox imity measure which defi nes catchment similari ty . Since the ult imate intent is to
estimate the value of Tp and SPR for the ungauged catchments, one option would be
to use only these two var iables as the attributes in the distance metric. While this
would result in clusters of catchments that are similar in terms of the two var iables
that are of primary interest, this is not necessarily the hest approach to partitioning
the data. Since it will subsequently be necessary to assign catchments to a cluster
based on data describing the catchment characterist ics, it is apparent that adopting a
broader defi nition of catchment similarity wil l be l ikely to improve the assignment
of catchments to the appropriate group using catchment characteristic data. As such,
the approach ult imately taken herein was to consider all available fl ow response
variables within the clustering process. However , the question of the relat ive
importance, or weight, to assign to the various variables stil l remains. Related to the
question of appropr iate weights is the issue of correlation between the fl ow response
variables. If two variables are correlated, they are, to some extent, measures of the
same attr ibute of catchment fl ow response. It could, therefore, be argued that a
reduced weight in the distance metr ic should be assigned to such var iables to refl ect
this. However , the subj ective assignment of weights wil l potential ly impact the
result ing part it ioning of the catchments, implying that an obj ect ive weighting scheme
is desirable.
Alternative approaches to cluster ing, in terms of a combination of the available fl ow
response var iables, are based on calculating principal components from the entire set
of fl ow response variables and using the signifi cant principal components as attributes
in the proximity measure. Nathan & McMahon (1990) descr ibe a number of
clustering options that incorporate principal components. One result of adopt ing the
principal components approach is to reduce the dimensional ity of the problem while
st il l retaining the ef ects of al l of the var iables in the analysis. The pr incipal
component approach wil l also provide an obj ective assignment of weight ings to the
or iginal variables in that the weightings are determined di rectly f rom the pr incipal
components analysis. In addition, the correlat ion between variables is expl icitly
accounted for in that variables with a high correlation wil l tend to be associated with
the same pr incipal component. Within the principal component approach to clustering,
several al ternatives exist , including:
1 Cluster ing of unweighted principal components;
2 Clustering of pr incipal components weighted by eigenvalue;
3 Cluster ing of rotated principal components, either weighted or unweighted .
The fi rst option assumes that each principal component is of equal importance in
defi ning catchment similar ity whereas the second opt ion assumes that the importance
of the principal components is related to the fraction of the variance of the original
data explained by the component. The third option entails' a rotat ion of the principal
components which results in a clearer distinct ion of the variables associated with each
of the principal components.
2.2 ASSIGNM ENT OF UNGAUGED CATCHME NTS
The assignment of ungauged catchments to one of the clusters identifi ed in the fi rst
stage of the process can be accomplished using discriminant analysis. However, not
al l of the variables describing the physical characteristics of a catchment ar e
necessari ly of use in discriminat ing between the clusters. Furthermore, the preferred
var iables for use in the discrimination process may change as a function of the
number of groups into which the or iginal set of catchments has been divided. The
fi rst step in the assignment of ungauged catchments to a cluster was thus the
identifi cation of a suitable set of catchment characteristic data for use within a
discriminant analysis technique.
2.2 .1 Select ion of ca tchment character istics
Formal stat ist ical procedures exist for the identifi cation of relevant variables (SAS,
1985) . These include step-wise discr iminant analysis, which attempts to determine the
best combination of variables to dist inguish between a given set of clusters, and
canonical discriminant analysis, which defi nes a set of canonical variables that are
l inear combinat ions of all of the variables considered. A total of q canonical variables
can be calculated where q = min(1, K-1) where 1 is the number of catchment
characteristic variables and K is the number of clusters, as before. The canonical
discriminant analysis procedure calculates a set of weights and the canonical variables
can then be calculated using these weights through:
=vw (2)
where Vi is the (K- I ) dimensional vector of canonical variables for catchment i ; vw
is the matrix of weights, of dimension 1 by (K- I), determined from the canonical
discriminant analysis; and yi is a 1-dimensional vector of standardized catchment
characterist ics. The elements of the vector y, are calculated through:
Y - Y.
V  I (3)
Ysi
where is the j th element of the standardized catchment characteristic vector for
catchment i ; Yij is the j th element of the catchment characterist ic vector for catchment
i; and Y. and YS, are the mean and standard deviation for catchment characteristic
j calculated from all catchments in the data set .
Both the stepwise and canonical discriminant analysis procedures assume that the set
of variables used in the discriminant analysis follow a multivar iate Gaussian
distr ibution. Since the nature of the data describing catchment char acteristics may
result in the validity of this distr ibution assumption being questionable, additional
analysis was used to assist with the determination of an appropriate set of variables.
Th e main additional investigative tool used was a graphical display of various
combinations of variables . Th is was used to subject ively evaluate the capability of the
variables to distinguish between the defined clusters . The strategy taken was to use
the res ults of the step-wise discriminant analysis and the canonical discriminant
analysis as a starting point for identifying potentially usefu l variables , or combinations
of var iables. Graphics plots were then used to confirm the utility of proposed
combinations of var iables. Finally, the results of actually ass igning gauged catchments
to the clusters, where the appropriate cluster membership is known a priori, were
used to refine the selection of discriminating variables .
2.2 .2 Discriminant analysis
Once a set of discriminating variables was selected , the specifi c discriminant analysis
technique adopted was a non-parametric discr iminant analysis technique based on the
nearest neighbour approach (SAS, 1985). Th is approach involves assigning a
catchment to a cluster in accordance with the cluster membership of the n catchments
nearest to the ungauged catchment. The proximity of gauged catchments to the
catchment to be classifi ed is defi ned in terms of a distance metric using the catchment
character istics identifi ed as being of relevance. Two common options for the distance
metric  are  the Euclidean distance and the Mahalanobis distance, where the latter
accounts for correlation between the variables. Th e Euclidean distance between two
catchments is defi ned as :
= ( Y, - Y) T( -
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where dij is the distance between catchment i and catchment j ; and Y, is the catchment
characteristic vector for catchment i. Th e Mahalanobis distance metric is defi ned as :
di =(}; - Yy S -i f i- y )
 (5)
where S is the sample covariance matrix of the catchment character istic data and all
other var iables are as previously defi ned. The output from this procedure includes:
1) the probability of membership for each catchment in each cluster, based on the
cluster membership of the n nearest neighbours; 2) the cluster to which each
catchment is assigned; and 3) a summary of the performance of the ass ignment
process. In th is discriminant analysis procedure, a catchment is assigned to the cluster
to which it has the highest probability of membership. The probability of membership
for a catchment in a cluster is given by:
(6)
where pa is the probability that catchment i is a member of cluster k; nna is the
number of nearest neighbours to catchment i that are from cluster k; pl.!, is the prior
probability of membership in cluster k; and the summation is over all clusters . The
prior probability of membership in a cluster is defi ned as :
sunkpriC
where tuna is the number of members (catchments) in cluster lc; and N is the total
number of catchments.
2 .3 ESTIMATI ON OF RAINFALL-RUNOFF MODEL
PARAME TERS
(7)
In Sections 2.1 and 2 .2, a methodology has been described that will allow catchments
to be classified according to their hydrological similarity, and assigned to classes
based on their physical properties . The next stage is to consider how catchment
characteristics data, and class membership information, can be used to estimate the
rainfall-runof model parameters . Again many possibilities present themselves for
consideration. The initial aim of the study was to use the similarity of the catchments
in characteristic space, to determine how variables might be transferred between
catchments . Having classified the catchments , this similarity could be assessed by
only cons idering other catchments with in the same group, by including a term in the
similar ity measure that refl ects group membership, or by ignoring the groupings
altogether .
In any of these scenar ios, the first step is to determine a subset of the catchment
characteristics to be used in the similar ity measure. It is to be expected that the set
of characteristics will vary according to the hydrological var iable that is to be
estimated , and between dif erent classifications of the catchments .
To determine an appropriate set of catchment characteristic var iables, the correlation
was calculated between the dif erence in each catchment char acteristic, for all
combinat ions of station pairs, and the corresponding dif erence for each rainfall-
runof model parameter. From this analysis, a set of variables with significant
correlations were identifi ed and retained for possible use in the estimation process.
The retained variables were evaluated in terms of their capability to identify
catchments that are similar in terms of the rainfall-runof model par ameters .
Specifi cally, the agreement between the nc nearest catchments in terms of a rainfall-
runof model parameter and the nc neares t catchments in terms of a combination of
catchment characteristics was determined . The catchment proximities were calculated
in terms of the Eucl idean distance. The analysis was carried out individually for each
catchment in the collection of catchments and a network average performance was
determined . In this way, it was possible to evaluate potential combinations of
variables for each of the rainfall-runof model parameters of interest .
With the var iables identifi ed through the above analysis, several options were
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developed for estimating the rainfall-runof model parameters for an ungauged
catchment.
Option I
Option I entails identifying the n nearest neighbours to the ungauged catchment from
the catchments in the cluster to which the ungauged catchment has been assigned. The
proximity of gauged catchments to the catchment of interest is calculated as a
weighted Euclidean distance in the T-dimensional space defined by the catchment
characteristics selected for the particular runoff parameter of interest. Catchment
proximity is thus given as:
Option 2
Option 3
da=Eco/Ya-yur
f • I
(8)
where dj is the distance from catchment i to catchment I; (...‘ is the weight applied to
catchment characteristic t; and yg is the standardized value for catchment
characteristic t for catchment i . The estimate for the rainfall-runoff model parameter
for the ungauged catchment is then calculated as the weighted average of the rainfal l-
runof model parameter values for the n nearest catchments, result ing in:
E
" le t .
(9)
where R , is the estimate of a rainfall -runof model parameter for catchment i; n is the
number of nearest neighbours selected; L, is the set of catchments that comprise the
n nearest neighbours to catchment i; Q is the weight appl ied to the rainfall -runoff
model parameter value for catchment I; and RI is the rainfall-runof model parameter
value for catchment I.
Option 2 is similar to Option 1 except that the search for the n nearest neighbours is
restr icted to those catchments which are less than a specifi ed geographic distance
from the catchment of interest. The logic behind this option is that catchments that
are physically close together should be similar in terms of both catchment
characteristics that affect runof production (such as rainfall , soil type, etc.) and also,
therefore, in terms of runof response. The distance constraint imposed on the search
domain for similar catchments is intended to avoid spurious similarities where
catchments with very different fl ow response measures happen to have similar
catchment characteristics.
Option 3 entails identifying the n nearest neighbours where the pool of available
catchments corresponds to the set of catchments from al l clusters to which the
ungauged catchment has a probabil ity of membership that exceeds a specifi ed
probabil ity threshold level . This option is considered since the catchment assignment
process will result in some catchments being incorrectly classified as to cluster
membership. This results from an imprecise relationship between similarity in fl ow
response and similarity in catchment characteristics. Furthermore, not all of the
catchments will be unambiguously assigned to one cluster but rather there may be
several clusters which can lay a claim to the catchment. This could ar ise as a result
of the inabil ity of the discriminant analysis procedure to properly classify the
catchment but could also, however, refl ect the fact that the catchment is somewhat
similar to catchments from several clusters and does not properly fit entirely in any
one cluster. This predicament, which may be referred to as the border ef ect,
invar iably occurs when a continuous data space is divided into discrete segments. A
catchment of this type will benefi t from an expanded pool of catchments such that the
n nearest catchments could well comprise a set of catchments coming from more than
one cluster. The estimation of the rainfall-runof model parameters for this option is
as described in Equation (9).
Option 4
This option adopts a regression based approach in which separate regression
relationships between catchment characteristics and the rainfall -runoff model
parameters are developed for each of the clusters. The variables included in the
regression relationships are those used in the regression equations developed in
FSSR16, and of course the case of a single cluster is essentially equivalent to the
regressions of FSSR 16. For an ungauged catchment, separate cluster specifi c
estimates of the runoff parameter of interest are obtained from each of the regression
relationships. The fi nal estimate is obtained as a weighted combination of the
individual estimates where the weights are the probabil ity of membership of the
catchment in each of the clusters, result ing in:
Option 5
ki=tEp„ta
Summary and comparison of options
10
where pik is the probabil ity of membership in cluster k for catchment i; Ea is the
regression estimate of the rainfall-runoff model parameter for catchment i from
cluster k; and all other symbols are as previously defi ned.
The fi nal approach entails considering all catchments when determining the n nearest
neighbours, regardless of the cluster membership of the catchments. The estimation
of rainfall-runof model parameters then proceeds as in Equation (9). Option 5
corresponds to Option 3 with a probabil ity of membership threshold of zero. The
purpose of this option was to evaluate the merits of the initial classifi cation of the
catchments into groups. If this option were to be the preferred approach, this would
imply that there is nothing to be gained from the clustering process.
For all of the above options, except Option 4, the value of n is a parameter which can
be var ied to identify the value which provides the best estimate for the particular
rainfall-runoff model parameter. Similarly, the distance threshold in Option 2 and the
probabil ity of membership threshold in Option 3 are parameters that can be modifi ed
Option
in order to improve the estimation. Figure 1 presents a schematic compar ison of the
estimat ion options considered . None of these options exactly represents the FSR
recommended procedure for using local data. However, the distance threshold in
Option 2 restricts the search space to those catchments that are physical ly close to the
catchment of interest, and Option 5 represents an unrestricted search for catchments
that are similar in terms of catchment characterist ics. Both of these options have
paral lels with the FSR recommended procedure.
O PT IO N 1 Nearest neighbours in cl uster.
orTION2 Nearest neighbours in cl uster
pl us di stance threshol d.
O PTI ON 3
Description Parameters
Nearest neighbours in any cl uster
with membership probabi l ity
greater than threshold.
O P H O N 4 Regression in cl usZer. U se
u t' l Eh t r d r. T .I r Of regression
esumnics
0 1'T ION 5 Nearest neighbours
without cl ustering.
nearest neighbours
n - nearest neighbours
d . d istance threshold
n - neatest neighbours
- probabi l ity threshold
:egression coef f ic ient
nearest nete h
Options 1.2.1 5 also requi re
weights to def ine nearest
neighbours.
Figure 1 Parameter estimation op tions
I l ustration
Proximity from equation (8)
Estimate from equation (9)
As above, but catchment m u s t
bc within d istance d.
A S fur Option I . hut using
ea:cli nic :i ts in r i<sibleCl u st e r s
Estimate using equation ( PE
Estimate us tor Option I
Il lustrations are for 2.di mensional
par ameter space wi th 3 cl usters.
site of interest
• gauged site
%. ,KA - excluded region
3 Available Data
The data required for the approaches outl ined above consisted of both measures of
catchment fl ow response and data describing the catchment characteristics. In addition
to the data needed to derive the rainfall -runof model parameters (Tp and SPR), other
measures of the fl ow response of a catchment that are of potential use for defi ning
similar ity in catchment response were available. The additional fl ow response
measures considered included a seasonality index (RBAR) which describes the
regularity of the timing of peak fl ows (RBAR can vary from 0, for a catchment
where every day of the year is equally l ikely to correspond to the peak fl ow, to 1 for
a catchment where the peak fl ow always occurs on the same day); the average daily
fl ow (ADF) in m3s-1; a low fl ow measure (Q95) which is the fl ow value which is
exceeded 95% of the time, expressed as a percentage of the average daily fl ow; a
base fl ow index (BFI) which expresses the base fl ow component of runof as a
fraction of the total runof ; the mean value of the annual fl ood series, normal ized by
dividing by the drainage area, giving QBAR in m's-'km' ; and the coefi cient of
variation of the annual fl ood series (CV) which is dimensionless.
The fl ow response measures outlined above have been estimated from the available
streamflow record for each catchment . The rel iabil ity, or representativeness, of the
estimates is a function of both the amount of streamflow data available (i .e., the
length of the data record) and the quality of the gauging station. To be included in
the data base used herein, the data record at a catchment had to contain at least ten
years of annual fl ow data to provide reasonable estimates for the mean and the
coefi cient of variation of the annual flood series. For the astimation of the
seasonal ity index, a minimum of fi ve years of peaks over threshold data were
required and data from at least fi ve storm events were required for the estimation of
the rainfall-runof model parameters. Finally, each gauging station has a qual ity
rating associated with the estimation of the low fl ow regime. A gauging station for
a catchment had to be rated as "good" or "very good" for the catchment to be
included. The total number of catchments with data available for all of the above-
noted fl ow response measures was quite small . However, if Q95 and ADF were to
be excluded, a total of 99 catchments, satisfying the above-noted quality cr iteria,
would have data for all of the remaining variablas. Since Q95 is correlated with BFI
(e = .69) and ADF divided by the catchment drainage area is correlated with QBAR
(e = .89), it was felt that excluding these two measures of fl ow response would be
j ustif ied. A l isting of this data, which includes the catchment identifi cation numbers
and the fl ow response measures, is presented in Appendix A .
Prior to clustering the catchments, the time to peak, Tp, was transformed to defi ne
a new variable, LTp, where:
LTp =log(Tp)
This new variable was used in the clustering process in place of time to peak due to
the substantially greater skewness of the time to peak relative to the remaining fl ow
response measures. Th is transformation of var iable thus results in greater uniformity
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in th e skewness of the fl ow response measures used as attr ibutes in the cluster
analys is.
In add ition to the fl ow response measures, data describing the catchment
char acteristics of the catchments were also required since estimates of the var ious
fl ow res ponse measures are generally not available at catchments that are ungauged .
The available data base for each catchment included the drainage area (AREA) in
km2; the main stream length (MSL) in km; the dry valley factor (DVF) which is the
length of dr y valley from the catchment divide to the head of the mainstream divided
by the distance from the catchment outlet to the d ivide; a measure of channel slope
(SL 1085) calculated as the difference in elevat ion, in metr es, between two po ints
along the main channel corresponding to 10 % and 85% of channel length upstream
of the catchment outlet divided by the d istance (in km) along the channel between
these two points ; the stream frequency (STMFRQ) which is th e number of stream
j unctions in the channel netwo rk divided by the catchment area; the standard annual
average rainfall (SAAR) for the period from 194 1 to 1970 in mm/year ; the fract ion
of the catchment draining through lakes (LAKE); the fraction of the catchment that
is urbanised (URBAN); and soil classification var iables (SOIL 1, SOIL2 , SOIL3,
SOIL4, SOIL5) which give the fract ion of the catchment corresponding to each of
five soil classes. The soil classes are based on the winter rainfall acceptance potential
(WRAP) of the soil. An add it ional var iable, SOIL, is defi ned as a linear combinat ion
of the fi ve individual soil var iables . A list ing of the valuas for all of the catchment
characteristic data for the catchments used in th is study is contained in Append ix A.
Table 1 contains the mean and standard deviation as well as th e minimum and
max imum values for all of the var iables included in the data set . As can be inferred
from th is table, the catchments used in this study were pr edominantly of a moderate
size (i.e ., maximum drainage area of 544 km2) from largely non-urbanised areas .
Many of the physiograph ic features exhibit a substantial range in value (e.g ., slopes
that range from less than 1 to in excess of 60 m/km) implying that the data set
includes catchments with diverse characteristics.
For all clustering options considered , the set of var iables used as catchment att ributes
were standardized prior to cluster ing. Th e standard izat ion was accomplished by
d ivid ing each var iable by its standard deviat ion where the standard deviat ion of a
var iable is calculated from the entire set of catchments . The purpose of
standard ization is to account for d if er ing amounts of var iability in the var ious
catchment attributes used and to remove the effects of th e arbitrary selection of the
units of measure for a catchment attribute.
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Table I Summary statistics f or catchment data
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4 Analysis
4.1 GROUPING OF CATCHME NT S
4.1.1 Applica tion of K-means algor ithm
As noted in Section 2. 1.1, it is possible to apply the K-means algorithm in a number
of dif erent ways. Th e strategy ult imately selected was clustering using the pr incipal
components approach. Principal components were calculated from the data set
comprising al l seven fl ow response measures. The clustering var iables then
corresponded to al l principal components with an eigenvalue greater than unity, which
resulted in the retention of three principal components. The weighting on each of the
principal components for each flow response measure is shown in Table 2. The
values for the three principal components for each of the catchments are presented in
Appendix A . The var iables with the largest weight on the fi rst principal component
are LTp, Qp, and QBAR which implies that this pr incipal component represents a
measure of the magnitude of the fl ood response. The var iables associated with the
second pr incipal component are SPR and BFI implying that this component can be
viewed as a measure of runoff production. The third pr incipal component has the
variables RBAR and CV associated with it suggesting that this pr incipal component
refl ea s the annual variabil ity in flood response, both in terms of the timing (RBAR)
and the magnitude (CV) of the response.
Each of the three signifi cant principal components identifi ed were weighted by the
associated eigenvalue result ing in weight ings of 3.13, 1.44 , and 1.05, respectively.
The weighted principal components clustering option was selected since the
eigenvalues, which indicate the amount of the variabil ity of the data explained by the
associated principal component, provide a useful way of quantify ing the relat ive
importance of each of the pri ncipal components. There appeared to be no intrinsic
advantage to the two rotated principal components options considered so these were
not pursued in depth.
The number of clusters del ineated using the three weighted principal components was
var ied from two to fi ve. Aft er examining the results of these partitionings, it was
decided to focus on the results for the two and three groups cases. The pert inent
results are summar ized below.
4.1.2 Resulting classifi cations
Two Clusters
Table 3 provides a summary of the characteristics of the groups ident ified for the two
cluster case. The number of catchments in each group is roughly the same and each
group contr ibutes essential ly the same amount to the total within group variabil ity of
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the data. The variability for a cluster is calculated as:
Three Clusters
16
(12)
where 6 k is the variabil ity measure for cluster k, and all other symbols are as
previously defi ned. The variabil ity contribution is shown in Table 3 as a fraction and
is calculated as 6k divided by the total within group variabil ity, which is given by:
(13)
where A is the total within group variabil ity. The cluster membership for each
catchment is given in Appendix A.
An examination of the geographic location of the catchments reveals that group 1
consists of catchments primarily from the western portion of the UK while group 2
contains catchment.s from the eastern and central areas (see Figure 2). It is apparent,
however, that geographic location is not a strong distinguishing feature of the
clusters. Figures 3 to 5 contain scatter plots of the fi rst three principal components
for the catchments. From these scatter plots it can be seen that the fi rst principal
component strongly distinguishes between the two groups with group I associated
with high values on this component and group 2 associated with low values.
However, the second and third principal components do not diff erentiate between the
catchments in the two clusters. This latter result can also be inferred from the
centroid coordinates presented in Table 3.
In terms of the fl ow response measures, group 1 is characterised by high values for
Qp, SPR, and QBAR and low values for LTp and BFI . Catchments in this group thus
tend to exhibit a rapid, fl ashy, runoff response with a high runoff production. Group
2 catchments have high values for LTp and BFI and low values for Qp, SPR, and
QBAR. These catchments therefore tend to exhibit a slow and sustained runoff
response with comparatively low runof production. Figures 6 to 9 contain scatter
plots of the fl ow response variables for the catchments. The drainage area for each
catchment, although not a variable used in the clustering process, is also included to
ascertain if there are any scaling factors, related to catchment size, associated with
the partit ioning of the catchments. Figure 6 reveals that the catchments are well
separated in terms of LTp and SPR. A similar result for Qp and BPI is noted from
Figure 7. Figure 8 reveals that CV is not a distinguishing variable for the clusters but
there are patterns in terms of QBAR. Figure 9 implies that neither RBAR nor AREA
is capable of distinguishing between the clusters.
Table 4 summarizes the characteristics of the groups for the case of three clusters.
From this table, it can be seen that there are roughly the same number of catchments
in each of the three groups. The variabil ity contribution of the three groups is not,
however, as evenly dispersed as for the case of two clusters. The somewhat larger
fraction of the variability contr ibuted by group 1 implies that the catchments in this
group are not as cohesive, or tightly grouped, as the catchments in the other two
groups. The cluster membership for each catchment is given in Appendix A .
Figure 10 reveals that the catchments in group I are primarily from the west of the
UK, group 2 contains catchments that are not located in the north, while group 3 has
a slight southern bias but is basical ly quite evenly dispersed. As for the case of two
clusters, the geographic location of a catchment is not a strong distinguishing feature
of the clusters. Figures 11 to 13 contain scatter plots of the three principal
components for the catchments from which it can be seen that group I catchments
have high values for principal component I . group 2 catchments have low values for
both of the fi rst two principal components, and group 3 has low values for principal
component 1 and high values for principal component 2. The groups are well
separated in terms of the fi rst two principal components but the third principal
component does not dif erentiate between members of the var ious groups. This latter
result, also apparent from the centroid coordinates in Table 4, undoubtedly follows
from the comparatively low magnitude of the eigenvalue associated with the third
principal component. A value of only slightly above one for the eigenvalue implies
that this component is not as important as the other two components for explaining
the variance of the original var iables. The fact that this component does not
substantial ly differentiate between the clusters is therefore consistent with the
characteristics of the data.
In terms of the fl ow response measures, group I contains catchments with high values
for Qp and QBAR and low values for LTp. The catchments in this group therefore
have a flashy runof response that produces comparatively large fl oods. Group 2
consists of catchments with high values for LTp and BFI and low values for Qp,
SPR, and QBAR. These catchments thus have a slow and sustained runoff response
with comparatively low runof production. Group 3 catchments have high values for
LTp and SPR and low values for Qp, QBAR, and BF1. The catchments in this group
also have a slow and sustained runoff response but have a comparatively high runoff
production. The three groups are well defi ned in terms of LTp and SPR (see Figure
14) and also in terms of Qp and BF1 (see Figure 15). QBAR is able to distinguish
between group 1 and the other two groups (see Figure 16) but there is no discernable
pattern in terms of CV (Figure 16) or RBAR (Figure 17). As with the case of two
clusters, there are no noticeable catchment size patterns.
4.2 ASSIGNME NT OF UNGAUGED CATCHMENT S
4.2.1 Selection of var iables for discr iminant ana lysis
The fi rst stage in the catchment assignment process involves the identifi cation of
relevant catchment characteristics for use as discriminating variables. Step-wise
discriminant analysis was fi rst appl ied to the entire set of var iables describing
catchment characteristics to determine a preferred set of variables for each of the
partitionings of the catchments considered. For the case of two clusters, the variables
which exhibited a capabil ity for discriminating between clusters were, in order of
importance, SOIL5, SAAR, SOIL, STMFRQ, SOIL I , and 5L I085. Since several of
these variables are correlated, the var iables ultimately selected by the step-wise
discriminant procedure were SOILS, SOIL I , URBAN, SAAR, and SOIL4, where the
variables are l isted in the order in which they entered as discriminating variables. It
is noteworthy that the variable URBAN is selected even though this variable was not
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one of the variables identifi ed as having a discriminating capabil ity for the entire data
set. Th is variable is entered because it is capable of discriminating between the
clusters aft er other var iables are included in the discriminant function.
For the case of three clusters, the init ial var iables, in order of importance, were
SOILS, SOIL, SAAR, SL 1085, STMFRQ, SOIL4, and SOIL ! . The variables
ult imately selected by the step-wise discriminant analysis procedure were SOIL5,
SOIL , URBAN, and SL I085. Although there were more variables that exhibited a
capabil ity for discriminating between the clusters for this case as opposed to the two
cluster case, there were fewer variables ultimately selected.
As indicated earl ier, the step-wise discriminant analysis procedure assumes that the
var iables considered follow the multivariate Gaussian distr ibution. Since this
distributional assumption is suspect at best, the variables identifi ed by the step-wise
discriminant analysis process were merely used as a starting point in the var iable
selection procedure. For example, Figure 18 shows a scatter plot of SOIL5 and SOIL
for the three cluster data set. It is clear from Figure 18 that these two variables alone
are unlikely to provide satisfactory results within the catchment assignment process,
al though some patterns do exist in the data. Note that SOILS and SOIL were the fi rst
two var iables selected by the step-wise discriminant analysis procedure. Figure 19
shows a scatter plot of SOILS and SOIL I for the two cluster data set . This plot
reveals a more promising confi guration in that the catchments from group 1 tend to
have a low fraction of soil type 1 whereas catchments from group 2 tend to have a
low fraction of soil type 5.
Canonical discriminant analysis was next used to identify a set of canonical variables
that are capable of discriminating between the clusters. Tables 5 and 6 present the
weighting matr ices for the canonical variables for the case of two and three clusters,
respectively. Note that one canonical variable can be calculated for the two cluster
case while two canonical variables can be calculated for the case of three clusters.
The canonical variables calculated using the weighting coeffi cients from Tables 5 and
6 and the relationship given in Equation (2) were considered as potential
discriminating variables. The values for the canonical variables for each catchment
are presented in Appendix A.
Since both of the above approaches to identifying variables for use in the catchment
assignment process involve a distributional assumption, the variables suggested by the
above procedures were subj ected to further scnit iny before a fi nal set of variables was
selected. Scatter plots of the type shown in Figures 18 and 19 were examined for
dif erent combinations of pairs of variables. From plots of this type, it was possible
to identify a l imited number of promising combinations of variables which were then
tested in the nearest neighbour discriminant analysis procedure. From this process,
the option involving the use of canonical variables was selected for both the two and
the three cluster case. Figure 20 shows a scatter plot of the fi rst and second canonical
variables for the three cluster case. This plot reveals that the two canonical variables
separate the catchments, as to cluster membership, reasonably well . The fi rst
canonical variable tends to separate cluster 1 from the remaining two clusters while
the second variable distinguishes between members of cluster 2 and cluster 3. The
single canonical variable for the two cluster case was also observed to provide a
satisfactory separation of the catchments.
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4.2 .2 Results of assignment process
The nearest neighbour discriminant analysis procedure was then applied with the
canonical variables used as the discriminating var iables. Table 7 summarizes the
performance of the discriminant analysis procedure for the two cluster case and Table
8 gives the corresponding results for the case of three clusters. From Table 7 it is
seen that the procedure has correctly classifi ed 9 1 out of 99 catchments with 5
catchments from cluster 1 and 3 from cluster 2 being incorrectly classifi ed . The
results in Table 7 are based on catchment assignment using the nearest fi ve
neighbours . The results in Table 8 indicate a considerably lower overall success rate ,
with 76 out of 99 catchments correctly classified. Th e nearest three neighbours were
used to obtain these results. It is to be expected that as the number of clusters is
increased, (e.g ., with a transition from two to three groups) the number of catchments
correctly classifi ed will decrease. However, increasing the number of clusters will
also result in greater homogeneity of the catchments in each group. A trade-of
clearly exists between the capability to correctly classify a catchment and the
similarity of the collection of catchments in the group to which the catchment is
assigned.
The classifi cation performance, as summarized in Tables 7 and 8, does not constitute
a completely satisfactory evaluation of the effectiveness of the catchment assignment
process. Th e results presented are based on a comparison of the actual cluster
membership of a catchment with the cluster to which a catchment has been assigned
based on the largest probability of membership. There is thus no distinction made
between the case where a catchment is unambiguously assigned to a cluster (i.e., a
probability of membership of unity) and the case where the probability of membership
is slightly larger for one cluster than it is for any of the other clusters . In either case,
a success or failure is determined by the agreement or disagreement between the
actual cluster and the assigned cluster for the catchment. An incorrect ass ignment
could result when the probability of membership for an incorrect cluster is slightly
higher than the probability of membership for the true cluster . Such a situation would
not necessarily be a cause for concern, particularly if the catchment was on the
border between the two clusters in question and its actual cluster membership was
therefore somewhat ambiguous. Conversely, if a cluster has a probability of
membership of near zero for its true cluster then this is clearly an unsatisfactory
classifi cation performance. Two of the parameter estimation options (Options 3 and
4) incorporate the probability of membership in the various clusters in an attempt to
account for the former type of behaviour.
4 .3 ESTIMATION OF RAINF ALL-RUNOFF MODEL
PARAME TE RS
4.3 .1 A  baseline for comparison
Estimates of rainfall-runof model parameters obtained using the procedure developed
herein were compared with estimates obtained from the regression equations given
in FSSR16. For the time to peak, the regression estimate is from:
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Tp ,.=283SLI 085 - " ( 1+URBAN)-2 ' SAAR - Ma r +0 .5
wher e Tp, is the reg ression estimate for the time to  peak  of the one hour unit
hydrogr aph ; and all oth er terms are as previously defined . Th e regression estimate
for the standard percentage runof is from :
SPR,=10S OIL I +30SOIL2 +37SOIL3+47SOIL4 +53SOIL5
where SPR, is the reg ression est imate for the standard percentage runoff; and all other
variables are as prev iously defi ned . Parameters for regression equations of the same
form as Equat ions ( 14) and (15) were estimated using only th e data from this study
and were found to be in good agreement with the results presented above . Th e
coefi cients obtained from FSSR 16 were used in preference to the coefi cients
obtained from our (smaller) data set since the intent is to develop an estimation
system which can be applied to ungauged catchments in the UK. As such, the
reg ression relationsh ips developed from the larger data set available for the FSSR 16
study represent the app ropriate bas is for comparison.
To evaluate the re lat ive merit of the estimation framework developed here in, each of
the catchments was sequentially considered to be ungauged . The catchment presumed
to be ungauged was assigned to a cluster based on the classifi cat ion process descr ibed
above . Estimates of the runoff parameters were then obtained using the appropriate
regr ession equat ion and the parameter estimation opt ions developed herein. For the
latter approach , the pool of ava ilable catchments consisted of all other catchments in
the data base . Th is process was then repeated with each of the remaining catchments
individually cons idered to be ungauged . It was thus possible to compar e estimates of
ra infall-runof model parameters from catchments for which th e true values could be
assumed known. Values for three performance measures were calculated for each of
the est imat ion options developed her ein as well as for the FSR regression approach.
The per formance of the estimators was evaluated in terms of measures of the bias ,
the imprecision , and the worst per formance for the estimator . The bias measure is
calculated as :
I N - I?
BIAS= E
N ..1
where BIAS is the normalized bias ; N is th e number of catchments in the data base;
R ,  is the est imate for a rainfall-runoff model parameter (i.e . , either Tp or SPR) for
catchment i; and R, is the actual value for the rainfall-runoff model parameter for
catchment i. Th e imprecision is calculated as :
RMSE = [  I I EH ?' 1
2
1
N ..1 I?
(14)
(15)
(16)
where RMSE is the normalized root mean squared error, which is used as a measure
of imprec ision . Th e measure of the worst performance is calculated as :
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where Da , is the normal ized measure of the worst estimate for a rainfall-runof
model parameter, for a given estimator.
4.3.2 Determination of catchment proximity
The nearest neighbour based estimation options (Options 1, 2, 3, and 5) require a
measure of catchment proximity that is based on a subset of the variables in the
catchment characteristic data base. From an examination of the correlation structure
of dif ferences in variable values for pairs of catchments, a reduced set of potential
variables was identifi ed for each of the rainfall-runof model parameters of interest.
Further examination of the agreement between catchment pair similar ity, as measured
by catchment characteristic variables, with catchment similar ity in terms of rainfall-
runoff model parameters, resulted in the selection of a fi nal set of variables for
defi ning catchment proximity for each rainfall-runof model parameter. The variables
selected for time to peak were SL I085, SAAR, and MSL . For the standard
percentage runof , the variables selected were the fi ve soil class variables, SOIL 1,
SOIL2, SOIL3, SOIL4, and SOILS. It is interesting to note that the variables
ult imately selected are all included in the FSSRI6 regression equations, although
URBAN, which is included in the Tp regression equation, was not found to be
benefi cial for determining catchment proximity for Tp estimation.
4.3 .3 Assessment of estimation options
Tw o clusters
D max
i
Table 9 presents a summary of the estimation performance for the two cluster case
for Tp and SPR estimated using the fi ve options developed herein and the FSSR16
regression equation. The cluster specifi c regression equations for Tp, included in
option 4, are given as:
Tp,, =95SL/ 085 -.2`( I + URBAN)-' 6SAAR- 36MSL.'3+0.5
where TN, is the regression estimate for Tp from cluster 1, and:
Tp,2=155SLI 085- B(I +URBAN)-' 3SAAR- " MSL I4. 0.5
(18)
(19)
(20)
where Tp,2 is the regression estimate for Tp from cluster 2. The two nearest
neighbours, based on weighted Euclidean distance (Equation 8), form the basis for
the estimation of SPR with options I to 3 while the fi ve nearest neighbours are used
for option 5. The number of nearest neighbours selected for'each case corresponded
to the number which gave the best estimation performance. A simple search routine
was used to select the weights for the fi ve soil class variables (0.50, 0.95, 0.90, 1.75,
and 1.25, respectively). The preferred weights were found for the option which gave
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the best performance with equal weights . The results in Table 9 then present the
performance of each option when this same set of weights was used for each option,
except for opt ion 4. The values of the weights refl ect the relative importance with in
the clusters of dif erences in each of the soil class variables for determining
catchments with similar SPR values .
The es timation of Tp using option 4 gives a small negative bias but also results in
lower RMSE and lower maximum error values than for the FSSR16 regression
estimate. The other options examined for estimating Tp did not perform as well as
option 4 . It should be noted that the distance threshold for option 2 was forced to be
sufficiendy small so that the catchments considered for information transfer could be
deemed to be in close physical proximity. This explains why option 2 results can be
worse than the results for opt ion I . Without imposing a constraint on the distance
threshold , opt ion 2 could, of course, be equivalent to option 1. For SPR, es timation
using option 1 results in substantially lower bias , relative to the FSR approach, as
well as improved performance in terms of both RMSE and Don . Opt ion 3 resulted
in estimates nearly as good as those for option 1 while the remaining options were
inferior . Opt ion 5, which is the no clustering option, was noted to be a particularly
poor choice which implies that the initial clustering of catchments is meritor ious.
Option 4, involving cluster specifi c regression relationships, was not implemented for
the estimation of SPR since the individual regression relationships obtained were not
physically realistic.
Th ree clusters
Table 10 summar izes the performance of the es timators for the case of three clusters.
The cluster specific regression equations, required for option 4, are given as:
Tp „r 32SL I 085 -  " (1+URBANY' °SAAR - " MSL 24+0.5 (21)
for cluster 1, and:
Th , 2 = 1 2 2 S L I 085 -  " (1+URBAN) ' 'SAAR - " MSL 23 0 . 5
for cluster 2, and:
Tp ,j - 570SL 1085 -  ( I +URBAN)-" SAAR- +0.5
(22)
(23)
for cluster 3. Th e preferred values for the weights applied to the var iables in the
Euclidean distance measure were found to be 0.85, 1.20, 0.95, 1.70, and 1.20,
respectively, for the fi ve soil class variables . The weights for the th ree cluster case,
although similar to those for the two cluster case, do dif er from the earlier results
refl ect ing dif erences in the range of catchment characteristics for the catchments in
each cluster . Th e estimation of Tp with option 4 results in a slight negative bias and
a lower RMSE than the FSSRI6 regression estimate. As with the results for two
clusters, the other options examined tended to perform worse than option 4. For the
estimation of SPR, option 1 results in improved performance in terms of BIAS,
RMSE, and Don, relative to the FSSR16 alternative. Th e remaining options resulted
in es timates that were worse than the results from option 1, with Option 5 again noted
to be a particularly poor choice.
22
4.3 .4 The preferred approach
The preferred approach for es timating SPR for an ungauged catchment is to use
option 1 and two clusters . The estimates obtained using this option are better, in
terms of all three performance measures, than results from the FSSR16 approach and
the best of the results from using three clusters. For the estimation of Tp , the
selection of a preferred approach is more ambiguous since no single es timator is best
for all three performance measures . In fact, the best value of each of the performance
measures occurs for a dif erent estimator . The FSSR16 approach results in the lowest
bias with the three cluster option 4 providing the next best result. The RMSE values
are essentially equivalent for option 4 with two and three clusters. Both of these
alternatives provide better RMSE performance than is obtained with the FSSR16
approach. In terms of the maximum error criteria, the two cluster option 4 results are
somewhat better than both of the other alternatives, although the dif erence is not
large. The selection of a preferred estimation approach for Tp could entail assigning
a relative importance to the three evaluation criteria so that the performance measure
values are combined into a single number. This process would, however, require
subjective inputs that may not be easy to obtain. A perusal of the results indicates that
one would be likely to select either option 4 with th ree clusters or the FSSR16
approach, with perhaps preference for the former . However, consider ing the ease of
implementing each alternative, the FSSR16 regression approach is best retained .
Table 3 Summary of characteristics f or two clusters
Cluster Number Variabi li ty
Number of Members Contribution F'C 1
Cenuo id Coordinates
PC 2 PC 3
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Table 4 Summary of characteristics f or three clusters
C luste r Number Variability
Num ber of Members Contribution
24
Ce ntroicl Coordinates
PC I PC 2 PC 3
34 .4 12 0 .0 9 0.07 1.62
29 .285 1 87 -.44 1.8 1
36 .302 - 1.24 1.13 1.58
Table 5 Weights on the catchment characteristics f or the canonical variable
f or two clusters
Catchment Canonica l Var iable
Charac teristic
MSL -. 1922
DVF .0774
SL IM S -.2422
sTrAFRQ -.1292
SAAR 0.9 152
LAKE -B76 1
UR BAN .3 104
SO IL I -44.226
SO IL? -105 .60
SO IL3 -125 .19
SO IIA - 179 .87
SO ILS -200.60
SO IL 79 .24 1
Table 6 Weights on the cat chment characteristics f or the canonical variables
f or three clusters
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Table 8 Results of catchment assignment f or three clusters
Table 9 Runoff paratneter estimation perf onnance f or two cluster case
t 'Ib is optio n was not pursued for SPR.
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R uno ff
Eve nt
Para meter
O pt ion n B IAS RM SE
T p 6 . 1% .44 3 1.923
. 17 1 .5 16 2.376
. 153 .44 6 1.92 3
-.044 .277 .645
. 146 .5 54 2.44 7
FS SR 16 .000 .784 .787
SI'R I 2 .040
.34 0 1.27 7
.085 399 1.62 3
.0 52
.344 1.277
108 .4 33 1.799
FS SR 16 120 .390 1.70 3
t This opt ion was not poi sued for SPR.
27
Table 10 Runoff parameter estimation perf ormance f or three cluster case
Runof f Opti on n BIA S RM SE
Event
Parameter
. 169 .499 1.923T p 1 3
. 116 .492 2.098
.156 .486 1.985
-.026
.276 .787
. 146 .554 2.447
ESSR16
.000 .284 .787
SI'R 1 1 .060 .372 1.602
.057 .392 I .68 1
.078 .384 1.590
. 120 .440 1.799
FSSR 16
.120 .390 I .703
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5 Catchments with Some Flow Data
Th e analysis to th is stage has cons idered the estimation of rainfall-runoff model
parameters for catchments for which no fl ow data are available. This section explores
the possibility of using a limited amount of fl ow data, that may be available for a
catchment, to enhance the parameter estimation. This situation, which is referred to
as the partially gauged case, could arise when the catchment of interest has a very
short gauging record resulting in insufi cient storm event data from which to obtain
estimates of the rainfall-runoff model parameters . However, the estimation of values
for some of the other fl ow response measures may still be possible with the available
fl ow record . A fl ow response measure from a catchment with some fl ow data could
be used in the catchment assignment process, in order to (i) enhance the classifi cation
of a catchment, (ii) as a variable in the similarity measure for determining the n
nearest neighbours to the catchment of interest, and (iii) to estimate the model
parameter through a regression relationship.
To explore the utility of additional information, portions of the latter two stages of
the investigation (i.e. , catchment assignment and parameter estimation) were repeated
considering the catchments to have data for one of the fl ow response measures . BR
and QBAR are the two fl ow response measures that are most likely to be available
for a catchment that has only a limited fl ow record . The utility of each of these
measures for enhancing the estimation of rainfall-runoff model parameters was
examined separately . To simplify this stage of the analysis, the same basic framework
has been adopted as was used for the case of ungauged catchments . In particular, the
canonical variable approach was again used in the discriminant analysis procedure
although the availability of a fl ow response measure will result in new canonical
variables that should lead to enhanced classifi cation of the catchments. In addition,
the same parameter estimation options were considered with the available fl ow
response measure also cons idered as a potential variable for defi ning catchment
proximity.
5.1 RESUL TS
5.1.1 Catchment assignment
A new set of canonical variables was calculated including the additional variable (i.e.,
BR or QBAR) in the procedure. Table 11 gives the new weights for the calculation
of canonical variables for the two cluster case and Table 12 contains the
corresponding three cluster weightings. The new canonical variables for each
catchment are presented in Appendix A. Using the new canonical variables in the
catchment assignment process resulted in the same overall success rate for the two
cluster results when BFI was the additional variable (based on the nearest seven
neighbours). When QBAR was used in the formation of the canonical variable, the
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result was one fewer catchment correctly classified (based on the nearest f ive
neighbours). Given that the original results of the catchment assignment process for
the two cluster case were quite good, it is perhaps not surpr ising that the addit ional
information has not improved the overall success rate of the process. It should be
noted that, although the overal l success rate was basical ly unchanged, the probabil ity
of membership in the two clusters for a given catchment wil l frequently have
changed, thus potential ly al tering the estimation performance for the options that
util ize this informat ion.
For the case of three clusters, the somewhat less satisfactory or iginal catchment
classif ication results were improved as a result of including either of the additional
variables. When BFI was available, the overall success rate was 83 out of 99
catchments, an improvement of seven in the number of catchments correctly
classifi ed. These results, which are summarized in Table 13, are based on using the
nearest three neighbours. Using QBAR as the additional variable resulted in an
overall success rate of 78 out of 99 catchments correctly classifi ed, again based on
the nearest three neighbours. These results are presented in Table 14. BEI is clearly
the more useful variable, of the two fl ow response measures considered, for the
catchment assignment process.
5.1.2 Parameter estimation
Revised procedures for estimating rainfall-runof model parameters were based on the
availabil ity of either BFI or QBA R for a catchment. BFI was found to be most useful
for the estimation of SPR whi le QBAR was found to be of greater benefi t for
estimat ing Tp. Revised SPR estimation procedures, using BFI, were therefore
examined, and revised procedures, using QBAR, were examined for estimating Tp.
For Tp, the addition of QBAR as a proximity measure resulted in only marginal
improvement in the est imation results. The improvement in est imates of Tp thus
ar ises primarily from the enhanced classifi cation of the catchments. Table 15
summarizes the results for the est imation of Tp using QBAR within the catchment
assignment process. Note that only the hest estimation option for each parameter and
cluster combination is presented in Table 15. It is interesting to note that the results
for the two cluster case are marginally better than the previous results even though
the overall success rate of the catchment assignment process was sl ightly worse. Th is
i llustrates the inadequacy of the overall success rate as a measure of the util ity of a
classifi cation of the catchments for the purposes of parameter estimat ion. Table 15
reveals that the improvement in estimation for both the two and three cluster case is
small , although there is a marginally stronger case for selecting option 4 with three
clusters as the preferred alternat ive.
BA is benefi cial for defi ning the set of catchments that are the nearest neighbours to
the catchment of interest for est imating SPR. In addition, it was found that the use
of the SOIL var iable in combination with BFI was preferred to using BFI with the
fi ve individual soil class variables that were used previously. The util ity of BFI as a
measure of catchment prox imity is not surprising since BFI and SPR are related . The
FSSR16 presents a regression equat ion for estimating SPR when BFI is known. Th is
equat ion results in improved estimates of SPR, relat ive to the estimates obtained using
the relationship given in Equat ion (15), and thus provides the new reference for
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compar ison with the other options . Th e FSSR 16 regression equation is given as :
SPR,. 72 .0 - 66 .5BFI (24)
where all symbols are as previously defi ned . The results for the best options for
estimat ing SPR using BFI are presented in Table 15 . Th is table reveals substan tially
improved est imates relative to th e results previously obtained for the ungauged
catchment case. Both the two and three cluster cases result in essentially unbiased
est imates of SPR with a slightly lower RMSE for the two cluster case relative to the
three cluster case . Both of the nearest neighbour based approaches give substantially
better results than th e FSSR 16 approach, especially in terms of the bias meas ure. For
the two cluster case, option 1 is the prefer red approach, as was previously the case.
The weights selected for the variables in the catchment prox imity measure were 1.6
for SOIL and 1.0 for BFI. For the three cluster case, option 3 gives the best results .
The probability thresho ld for th is option was set to 0 .25 . The weights applied to the
SOIL and BF1 variables were 1.5 and 1.0, respectively .
5 .2 SUM MARY
The results presented in th is section indicate that the ava ilability of the BFI can
greatly improve the est imation of SPR for an ungauged catchment . Th e result ing
est imates are essent ially unbiased and have improved values for RMSE and D.
relat ive to those obtainable when an estimate of BFI is not available. The
improvement in the results comes from a combination of enhanced catchment
classifi cat ion, which is most notable for the th ree cluster case, and th rough a better
ident ifi cat ion of catchments that are similar to the catchment of interest. The
ava ilability of QBAR improves the estimat ion of Tp , but the per formance ga in is not
substant ial .
It should be noted that if QBAR is available, it would be inappropriate to use this
informat ion only to re fi ne the estimate of Tp . The user should compare the rainfall-
runoff model est imate of th e fl ow event with a return per iod corresponding to QBAR
with the value of QBAR and cons ider how the model parameters (especial ly SPR)
might be mod ifi ed to reconcile any difference . In an application in which relatively
frequent fl ood magnitudes are being estimated , ser ious consider ation should be given
to a reject ion of th e rainfall-runof method in favour of the stat istical method
descr ibed in the FSR. When used in these ways the QBAR data will, undoubtedly ,
improve the required fl ood estimate .
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Table I I Weights on the catchment characteristics and additional data f or the
canonical variable f or two clusters
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Table 12 Weights on the catchment characteristics and additional data f or the
canonical variable f or three clusters
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Table 13 Results of catchment assignment f or th ree clusters with BF!
Cluster Number Number of Members Percent
of Classifi ed into Clusters Correctly
Members 1 2 3 Classifi ed
1 34 28 I 5 82.4
29 25 86.2
3 36 4 1 30 83.3
Total 99 34 28 37
Table 14 Results of catch ment assign ment f or three clusters with QBAR
Cluster Number Number of Member s Percent
of Classified into Clusters Correctly
Members 1 2 3 Classifi ed
1
1
Total
34
29
36
99
25
28
Table 15 Runoff parameter estimation p erf ormance with additional data
Runoff Number Option n BIAS RMSE D. „
Event of
Parameter Clusters
Tp 2 4 
-.045 .271 .645
-.029 .275 .705
FSS R16 .000 .284 .787
SPR 2 1 I -.00 1 .287 .987
.002 .298 .987
FSSR16 (Big ) .104 .333 1.163
45
77
7
38
5
26
33
73.5
93.1
7/ .2
6 Conclusions and Recommendations
This report has presented a methodology for estimating rainfall-runof model
parameters for catchments that are either ungauged , or for which only a limited fl ow
record is available. The procedure involves:
An initial grouping of the available set of gauged catchments, in terms of
measures of runof response;
2 The determination of the group membership for an ungauged catchment;
3 Th e estimation of rainfall-runoff model parameters based on the results of the
catchment assignment process .
Th e methodology developed gives estimates of the standard percentage runof that are
substantially improved relative to estimates obtained using a regression approach. If
an estimate of the base fl ow index for the catchment is available, the estimate of the
standard percentage runoff can be improved even further. An estimate of the base
fl ow index may be obtainable if a fairly short fl ow record is available for the
catchment .
The application of the methodology to the estimation of the time to peak of the unit
hydrograph resulted in estimates that were not definitively superior to the estimates
from regression. Th is may be at least part ially due to the comparatively good
estimates that are obtained with the regression relationship. If an estimate of the mean
annual fl ood for the catchment is available, the estimates can be improved , but the
benefi ts of this additional information are fairly small.
A step-by-step guide for users wishing to apply the methods contained in this report
is presented in Appendix B. That appendix also contains a worked example.
Future work should consider the application of the estimation framework outlined
herein for the prediction of other hydrologic parameters for ungauged catchments .
Th is could include additional fl ood event characteristics or involve the estimation of
low fl ow character istics for ungauged catchments. Consideration should also be given
to refi ning the estimation procedure for the time to peak. Since the regression based
approach is super ior for some catchments and the methodology developed herein is
super ior for others, it would be interesting to determine if there are catchment
characteristics that can be used to determine which approach should be taken for a
particular ungauged catchment. It is thus possible that a composite estimation
procedure could be developed involving a combination of the alternatives examined
herein.
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Appendix A Data listings
C luster Membership
CLUSTER2
CLUSTER3 3 3 3
Canon ica l Variab les for Two C lusters
Base Case
CAN 1 0 .4 13 0 .672 -0 733 0 645 1.638 -0 .674 -0 006
W ith BF!
CAN 1 0 .624 0 .976 -I 080 0 .96 1 2.626 -1 1 79 -0 4 15
W ith QBAR
CAN 1 0 .363 0 .683 -0 764 0 .325 1.820 04 2
Canon ica l Va riables for Three C lusters
Base Case
CAN I -0 502 -0 802 -2 278 1.716 I 68 1 -0 937 -0 79 7
CAN2 -1 750 -1 845 -2 596 0 ,228 -0 .640 -1.50 i - 1 765
W ith
CAN I -1 195 -1 163 0 .133 -1 4 19 -2.904 0 .389 -0 .199
CAN2 -I 703 -2 040 -3 213 1 200 0 135
- 1.324 - 1.524
W ith Q BAR
CAN 1 -0 .305 -0 .510 -1 9 15 1.242 2 .006 -0 ?',6 -0 582
CAN2 -1.744 - 1.946 -2 866 0 82 1 -0 .569 -1 66 1 -1.8 14
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C luster Membersh ip
CLUSTER2 1
CLUSTER3 1 3
Canon ica l Variab les for Two C lusters
Base Case
CAN1 2.555 -0 853 0 .850 0 .919 -0 .195 1.671 0 .240
W ith BPI
CAN 1 3 .842 -1.425 1.384 1 224 -0 .505 1.680 0 .6 15
W ith QBAR
CAN 1 2 .859 -0 .799 0 .976 0 .658 -0 310 I 2 1C 0 184
Canonica l Variab les for Th roe C lusters
Base Case
CAN 1 3.292 -1.290 0 .252 -0 .374 -1.135 2 .770 2.069
CAN2 -0 340 -2 .640 -0 .951 -1 709 -1.9 13 0 .1A9 1 278
W ith BE I
CAN 1 -4 .187 -0 .312 -1.550 -1.359 -0 .204 -1.794 -1.0 16
CAN2 1.314 -2 .392 -0 .815 -1.636 -1.936 2 .122 2 120
With QBAR
CAN I. 3 724 -0 .756 0 .559 -0 .472 -0 .995 2 105 1 791
CAN2 -0 .162 -2 .896 -1.030 -1.457 -1.931 1.074 1.626
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C luster Membersh ip
CLUSTER2 2
CLUSTER3 2 2 2
Canon ica l Variables for Two C lusters
Base Case
CAN 1 -2 44 7 -1 333 -1.703 -1.643 -1.56 1 -2 .011 -1.488
With BFI
CAN 1 -3 045 -0 587 -2 .426 -2 .68 1 -1.848 -2.754 -2 286
W ith QBAR
CAN 1 -2 .554 -1.264 -1.740 -1 64 7 -1.645 -2 .0 16 -1.586
Canon ical Variab les for Three C lusters
Base Case
CAN 1 -1.912 -1.337 -1.775 -1.314 -1.352 -0 .992 - 1 249
CAN2 3 .079 0 719 0 .152 -0 .082 -0 .598 2 .102 0 .066
With BEI
CAN 1 4 .325 0 .448 2 .260 2 .175 0 .836 3 128 1.928
CAN2 1.119 -0 .975 -0 .718 -0 .342 -1.222 1.188 -0 .349
With QBAR
CAN I -2.497 -1.340 -1.830 -1.293 -1.361 -1.273 -1.377
CAN2 2.855 0 .432 -0 .081 -0 .277 -0.706 1.900 -0 .022
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C luster Membersh ip
CLUSTER2 2
CLUSTFR3 3 2 2
Canon ica l Variab les for Two C lusters
Base Case
CAN 1 -1 349 -3 .629 -1.931 -1 832 -2 .084 -1 688 -0 990
W ith BF1
CAN 1 -0 478 -3 .731 -2 717 -1 063 -1.967 -1 156 -0 199
W ith W AR
CAN 1 -1 264 -3.584 -1.994 -1 766 -2 094 -1.647 -0 719
Canonica l Variab les for Th ree C lusters
Base Case
CAN ) -1.511 -1 924 -1.507 -1 164 -1.132 -0 893 0 .308
CAN2 -0 .644 4 .259 0 304 0 .430 -1 415 -0 135 0 .595
With BF !
CAN 1 -0 .599 4 504 2 .255 0 .062 -0 .477 -0 233 -0 860
CAN2 -2 .128 1.577 -0.384 -1 078 -1.909 -1 117 0 .090
W ith QBAR
CAN 1 -1.285 -2 .4 77 -1.620 -1.125 -0.916 -0 804 0 .586
CAN2 -0 .955 3.849 0 .136 0 .173 -1.560 -0 3 16 0 .340
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Canonica l Variables for Two C lusters
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Canonica l Variab les for Two C lusters
Base Cnse
CAN 1 0 .152 -2 .756 0 .048 -0 .811 -0 .0 10 0 .213 -0 .329
W ith BF1
CAN ! 0 .257 -2 .278 -0 .245 0 .036 -0.439 0 .109 0 .388
W ith QBAR
CAN 1 0 .304 -2 660 0 .0 16 -0 .84 1 0 006 0 .4 25 -0 160
Canon ica l Variab les for Th ree C lusters
Base Case
CAN 1 -1.458 -1 285 -1.240 -1.408 -1.459 -1.166 -1 288
CAN2 -1.535 2 .929 -1.98 1 -1.035 -2.086 -1.716 -0 .682
With BF I
CAN 1 -0 .227 2 .339 -0 .192 -0 .907 0 .064 -0 .291 -0 .542
CAN2 -2 .172 0 .745 -2 .065 -2 .298 -2.205 -1.950 -1.872
W ith QBAR
CAN 1 -1.0 17 -1.577 -0 .980 -1.282 -1.118 -0 .618 -0 .95 1
CAN2 -1.889 2 .583 -2 .102 -1.199 -2.288 -2 .088 -1.043
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C luster Membersh ip
CLUSTER2 1
CLUSTER3 3 2 3
Canonical Variables for Two C lusters
Base Case
CAN1 0 .339 -0 .056 -1.052 -1.885 0 .103 2 .962 -0 .056
With BF]
CAN ] 0 .662 -0 .059 -0 .697 -1.374 0 .296 3.158 0 .079
W ith QBAR
CAN 1 0 .387 -0.188 -0 .970 -1.78 1 0 .34 1 4 .207 -0 387
Canon ical Variables for Three C lusters
Base Case
CAN1 -1.231 -0 .186 -1 470 -1 345 0 .763 2.562 0 .623
CAN2 -1.4 13 0 .486 1.040 1.293 1.490 0 .200 1.876
W ith BEI
CAN1 -0 .578 0 .492 1.307 1.166 0 .307 -1.742 0 .761
CAN2 -2 .066 0 .205 -0 582 -0 .438 1.453 1.966 1.656
With QBAR
CAN1 -0 .949 -0 .435 -1 505 -1.384 0 .855 4 .162 -0 .106
CAN2 -1.625 0 .591 0 .717
 0 .957 1.328 -0 .639 2 .293
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C luster Membersh ip
CLUSTER2 2
CLUSTER3 2 2 2
Canonica l Variab les for Two C lusters
Base Case
CAN 1 1.29 7 -0 .778 1.728 3 .225 0 .352 -1.304 -1.107
W ith BE I
CAN I -0 048 -1.282 0 .845 2 .508 0 .209 -1 526 -0 .583
W ith QBAR
CAN 1 0 .809 -0 .764 1.153 2.954 0 .280 -1.224 -1 159
Canonica l Va riab les for Three C lusters
Base Case
CAN 1 1.762 0 .078 1.742 2.168 -1.197 -0.705 -0 .984
CAN2 0 .735 1.806 0 .618 -0 .313 -0.974 0 .626 0 .190
W ith 13F1
CAN 1 1.107 1.909 0 .447 -0 .703 0 .337 1.204 0 .109
CAN2 2 .682 1.626 2 .290 1.868 -1.428 0 .052 -0 .938
With QBAR
CAN 1 0 .983 -0 .170 0 .860 1.824 -1.144 -0 .683 -1.073
CAN2 1.509 1.772 1.486 0 .314 -1.058 0 .422 0 .093
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C luster Membership
CLUSTER2 2
CLUSTER3 3 2 2
Canon ica l Variables for Two C lusters
Base Case
CAN 1 -0 .996 -0 .842 -1.880 -0 .389 -2.047 -0 0 1P -1 795
W ith BF I
CAN 1 -1 144 -2 .0 13 -1 752 -0 .395 -1.783 -0 868 -2.301
W ith QBAR
CAN 1 -0.846 -1.147 -1.945 -0 .452 -2.210 -0 .180 -1.824
Canonica l Variab les for Th ree Clusters
Base Case
CAN 1 -1.187 -0 .303 -1.388 -1.425 -0.985 -0 .38 1 -1.364
CAN2 -0 .627 0 .867 1.845 -0 .084 2 .668 -1.126 0 .749
With BFI
CAN 1 0 .538 2 .362 2.107 0 .946 2 .243 0 .531 2 .118
CAN2 -1.204 1.142 0.168 -1.079 0 .933 -0.506 -0.156
W ith QBAR
CAN1 -0.88 1 -0 .836 -1.737 -1.490 -1.59 1 -0 .429 -1.500
CAN2 -0 .957 1.130 1.674 -0 .228 2.649 -0 .993 0 .559
57
C lus ter Membersh ip
CLUSTER2 2
CLUSTER3 2 3
Canonica l Va r nh les for Two C lusters
Base Case
CAN 1 -1 493 -2 540 2 26 1 2.983 0 .595 -1 040 -1 470
W ith BE I
CAN 1 -I 653 -2 2 19 2 352 3 .217 1 242 -1.590 -1 295
W ith QBAR
CAN 1 -1.571 -2 528 2 295 3 .412 0 .714 -1.122 -1 250
Canonica l Va riab les for Three C lusters
Base Case
CAN I -1 869 -1.555 3.989 3.634 0 .70 1 -0 .707 -0 .564
CAN2 0 .4 10 0 .179 0 .172 0 .066 0 .583 0 .823 0 .873
W ith BF 1
CAN 1 1.786 0 .716 -2 745 -2 .729 -0 .896 1.792 0 .757
CAN2 -0 973 -1.248 2 .951 2 .543 0 .489 0 .408 0 .058
W ith QBAR
CAN 1 -2 020 -1.545 3 .980 4 .168 0 .766 -0 .932 -0 390
CAN2 0 .205 -0 .077 0 .733 0 158 0 .554 0 .789 0 .536
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C luster Membership
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C luster Membersh ip
CLUSTER2
CLUSTER3 1
Canonica l Variab les for Two C lusters
Base Case
CAN I 2 194 0 772 3 .180 2 .675 1.613 -1.483 0 .5 16
W ith BEI
CAN ) I 880 0 .308 2 798 3 .078 1.053 -1.439 0 957
With OM R
CAN 1 2 127 0 .574 3.203 2 .432 1.924 -1.369 0 .320
Canonica l Variab les for Th ree C lusters
Base Case
CAN I 1.480 0 .766 3.502 2 .495 2 .408 -0 .394 0 .003
CAN2 -0 .970 -0 .354 -0 .259 -0 .120 -1 548 2 136 0 .235
With BE I
CAN I -1.269 -0 .166 -2.056 -2 .288 -2 .059 1.740 -0 .386
CAN2 0 .635 0 .623 2 .635 1.484 1.046 1.143 -0 .115
W ith QBAR
CAN 1 1.518 0 .545 3.540 2 .161 3 .040 -0 .553 -0 .299
CAN2 -0 656 -0 .021 0 .252 0 .521 -1.493 1.9 19 0 .443
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C luster Membership
CLUSTER2 2
CLUSTER3 2 1
Canon ica l Varinbles for Two C lusters
Base Case
CAN 1 -0 .211 -0 .233 1.248 3.120 0 .999 1.858 -1.854
W ith BF I
CAN 1 -0 698 -0 .459 1.683 3.038 1.708 1.727 -1.552
W ith QBAR
CAN 1 -0 .293 -0 340 1.111 2.60 1 1.191 1.733 -1.920
Canonical Variab les for Three C lusters
Base Case
CAN I -0 685 0 .420 I 025 3 .099 1.623 2 .055 -0 .685
CAN2 1.138 1.532 -0.318 -1.108 -0 .135 0 .265 1.62 1
With BFI
CAN I 1.96 1 1.119 -1 488 -2 .793 -2.148 -1.021 1.214
CAN2 0 .619 1.507 0 .248 1.559 0 .616 1.774 0 .400
With QBAR
CAN I -0 962 0 .046 0 .879 2 .539 1.888 1.827 -1 005
CAN2 1.106 1.684 -0 012 -0 .068 -0 .093 0 .707 1.559
6 1
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VARIABLE CATCHMENT NUMBER
C luster Membersh ip
CLOSTER2 1
CLUSTER3
84008 84012
Flow Response Measures
Tp 3.87 6 .07
lb )  34 .6 32 .9
SPR 57.8 56 .7
RBAR 0 .4 1 0 .39
BEI 0 .32 0 .36
QBAR 0 .654 0 .523
CV 0 .36 0 .24
Catchment Characteristics
AREA 51.3 227.2
MSL 18 .9 6 1.2
OVF 0 .04 0 .00
5L1085 13.4 6 .6
STMFRQ 1.05 1.06
SAAR 1187 . 1276 .
LAKE 0 .00 0 .12
URBAN 0 .26 0 .27
SO IL1 0 .000 0 .000
SO IL2 0.000 0 .000
S0 1L3 0 .098 0 .340
SO IL4 0 .738 0 .469
SO ILS 0 .164 0 .191
SO IL 0 .453 0 .443
Princ ipa l Components
PC 1 0 .45 -0 .10
PC2 1.27 1.52
PC3 1 29 1 67
Canon ica l Variab les for Two C lusters
Base Case
CAN 1 1.000 1.010
W ith BEI
CAN] 1.665 1.240
W ith QBAR
CAN 1 1.079 1 008
Canon ica l Variab les for Th ree C lusters
Base Case
CAN 1 0 .68 1 -0 103
CAN2 -0.74 1 -2 095
With BE I
CAN 1 -1.866 -1 734
CAN2 -0 .44 7 -1 659
With QBAR
CAN I 0 .890 0 .203
CAN2 -0 .709 -2 073
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Appendix B Guide to application of methods
Th is appendix details the procedures to be followed in order to apply the
methodology outlined in this report to a catchment for which estimates of Tp and SPR
are required . The basis for the estimation of the rainfall-runof model parameters is
the data for the catchments used in this work . The appropriate information for the
catchments is contained in Appendix A.
Step I Assemble catchment characteristics
Assemble catchment character istic data for the catchment of interest and
compare with the range of values for the various catchment characteristics
used herein. The maximum and minimum values for each catchment
characteristic are summarized in Table I . Caution should be exercised if the
new catchment of interest is substantially different from the catchments in the
data base since the methodology involves interpolating between runoff event
parameter values for the gauged catchments . Estimates from this procedure
may therefore be unreliable for catchments that are substantively different
from the catchments in the data base.
Step 2 Standardize the variables
Standardize the catchment character istic data for the new catchment using the
relationship in Equation (3), and the mean and standard deviation for the
catchment character istics presented in Table 1.
Estimation of Tp
To est imate Tp in the ungauged case, work through steps 3 to 5. If value of QBAR
can be derived from data observed at the site of interest, then jump to step 6.
Step 3 Calculate canonical variables
Calculate the two canonical variables for the catchment using the standardized
catchment characteristic vector with Equation (2) and the weights summarized
in Table 6.
Step 4 !dentin , the three nearest catchments
Identify the three nearest catchments to the new catchment in terms of the
two canonical variables. Determine the probability of membership of the
catchment in each of the three clusters using Equation (6). The cluster
membership of each catchment, which is required for th is calculation, is
given in Appendix A.
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Step 5 Estimate Tp
Estimate Tp using the cluster specifi c est imates of Tp from the relat ionships
in Equat ions (21) to (23). The fi nal estimate is obtained by combining these
three estimates using the probabil ity of membership of the catchment in each
of the three clusters and Equation (9) .
Step 6 Estimating Tp with derived QBAR value
Use the standardized characteristic vector, augmented with the standardized
QBAR value, to calculate two canonical variables for the catchment with
Equation (2) and the weights in Table 12. Use these two canonical variables
in the above procedure starting at step 4.
Estimation of SPR
If an estimate of BFI is available, go to Step 10.
Step 7 Calculate canonical variable
Calculate a single canonical variable for the catchment using Equation (2) and
the weightings in Table 5.
Step 8 Identif y fi ve nearest catchments
Using the single canonical variable, identify the nearest fi ve catchments and
determine the probabil ity of membership of the catchment in cluster I and
cluster 2 using Equation (6).
Step 9 Find nearest two catchments in cluster and calculate mean SPR
Estimate SPR as the arithmetic mean of the SPR values for the two nearest
neighbour catchments from the cluster for which the catchment has the largest
probabil ity of membership. Catchment proximity is measured as the weighted
Euclidean distance in terms of the fi ve (standardized) soil class var iables.
The fol lowing steps are for est imating SPR when a value of BFI is available.
Step 10 Calculate new canonical variable
Use the standardized characteristic vector , augmented with the standardized
BFI value, to calculate the canonical var iable for the catchment with Equat ion
(2) and the weights in Table I I .
Step 11 Identin , seven nearest catchments
Using the single canonical variable, identify the nearest seven catchments and
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determine the probabil ity of membership of the catchment in cluster 1 and
cluster 2 using Equation (6).
Step 12 Use SPR f rom nearest neighbour in cluster
Estimate the SPR value as the SPR for the catchment that is nearest to the
catchment from those catchments that are in the cluster for which the new
catchment has the largest probabil ity of membership. Catchment proximity,
for identifying the nearest neighbour, is measured as the weighted Eucl idean
distance in terms of the variables SOIL and BFI.
Example: Eden  at Kir kby Stephen
Step 1 Assemble catchment characteristics
The catchment characteristics are l isted below. They are all within the range of the
characteristics given in Table I .
Est imat ion of Tp
Step 2 Standardize the variables
Value Mean Std dev Standardized
MSL 20.77 24.958 15.555 -0.26924
DVF 0.02 0.0498 0.0811 -0.36745
5L 1085 18.47 9.296 10.8408 0.84625
STMFRQ 4.03 1.3439 1.121 2.39616
SAAR 1439 1154.62 504.72 0.56344
LAKE 0 0.0259 0.0554 -0.46751
URBAN 0 0.0516 0.1121 -0.4603
SOIL 1 0 01 154 0.2106 -0.54796
SOIL2 0 0. 1706 0.2942 -0.57988
SOIL3 0 0. 1475 0.2722 -0.54188
SOIL4 0.16 0.2963 0.3537 -0.3835
SOILS 0.84 0.2700 0.3595 1.58554
SOIL 0.492 0.3958 0.0787 1.2224
Step 3 Calculate canonical variables
Standardized Canonical weights
MSL -0.26924 -0.0697 -0.4442
DVF -0.36745 0.1237 -0.2576
SL I085 0.84625 0.2550 0. 1507
STMFRQ 2.39616 0. 1389 -0.3938
SAAR 0.56344 0.3066 -0.1749
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Step 4 Identib the three nearest catchments
The fol lowing fi ve catchments have canonical variables fair ly close to the values
obtained in step 3.
The cluster membership for the nearest three is shown in the last column.
Prior probabil ities of being in clusters 1 and 3 are 34/99 and 36/99 respectively .
Cluster Probabil ity of membership
1 2x(34/99)112x(34/99)+ l x(36/99)] 0.6538
0 0 0.
3 l x(36/99)/12x(34/99) + l x(36/99)1 0.3462
Step 5 Estimate Tp
The regression equations for the three clusters are:
Cluster Est imated Tp
1 4.86
2 6.01
3 3.86
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LAKE -0.46751 -0.1500 0.0253
URBA N -0.4603 0.4058 0.1661
SOIL 1 -0.54796 -8.914 11.2646
SOIL2 -0.57988 0.3231 53.6559
SOIL3 -0.54188 7.9474 72.9260
SOIL4 -0.3835 15.3645 109.6562
SOILS 1.58554 -21.6675 128.0141
SOIL 1.2224 -22.4602 -68.8663
Canonical variables 1.9479 -1.0576
Target
23005
49003
57004
57006
58008
CV 1
1.9479
1.6810
2.1678
1.3932
1.4804
2.4083
CV2
-1.0576
-0.6402
-0.3134
-0.8482
-0.9696
-1.5481
Euclidian
distance
0.495
0.776
0.592
0.476
0.673
Cluster
3
Weighting thes e using the probabilities of cluster membership given above gives a
best estimate of 4 .525 hours .
Step 6 Estimating Tp with derived QBAR value
Find the three nearest neighbours and their cluster membership
Catchment
Standardize QBAR
QBAR value .791 Standardized value 2.064
Calculate canonical variable
Canonical variables Cluster
The catchment is unambiguously assigned to cluster 1.
From Step 5 the Tp estimate for the catchment using the cluster 1 regression equation
is 4 .86 hours.
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Estimation of SPR
Step 7  Calculate canonical variable
Standardized Canonical weight
MSL -0.26924 -0.1922
DVF -0.36745 0.0774
SL 1085 0.84625 -0.2422
STMFRQ 2.39616 -0.1292
SAAR 0.56344 0.9152
LAKE -0.46751 -0.0761
URBAN -0.4603 0.3104
SOIL 1 -0.54796 -44 .2259
SOIL2 -0.57988 -105.603
SOIL3 -0.54188 -125.603
SOIL4 -0.3835 -179.871
SOILS 1.58554 -200.596
SOIL 1.2224 79.2414
Canonical var iables 1.3504
Step 8
Target 1.3504
Identify fi ve nearest catchments
CV 1 Eucl idian
distance
48004 1.2967 0.0537 2
57005 1.3340 0.0164 1
64001 1.2475 0.1029 1
69027 1.4223 0.0719 1
72002 1.2230 0. 1274
Cluster
The cluster membership for these catchments is given in the last column.
Prior probabil ities of being in clusters 1 and 2 are 51/99 and 48/99 respectively.
Cluster Probabil ity of membership
1 4z (51/99)44z (51/99) + l x(48/99)] = 0.8095
2 l z(48/99)/14x(51/99)+ l z(49/99)] . 0.1905
The catchment is therefore assigned to cluster 1
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Step 9 Find nearest two catchments in cluster and calculate mean SPR
Catchment SOIL 1 SOIL2 SOIL3 SOIL4 SOIL5 Weighted Euclidian
distance
Target 0 0 0 0. 16 0.84
71003 0 0 0 0.065 0.935
23005 0 0 0 0.0 1.0
Remember that the distance is calculated using the standardized variables and the
weighting factors for the fi ve SOIL values are 0.50, 0.95, 0 .90 , 1.75, and 1.25
respectively. Catchment 71003 is the closest but there ar e seven other catchments in
the data set that are in cluster 1 and have 100 % SOIL type 5.
The recommendation is to use the average of the nearest two catchments , and while
71003 must be used there is a dilemma about which other catchment to use. This
could be resolved by taking nearby catchments (23005 & 25003) which would give
an es timate of 57 .6%. The average of all the values is 50.5%.
Refinement of SPR estimate using BFI
Step 10 Calculate new canonical variable
BFI value for catchment 0.24 (Mean 0.49, sd 0. 14 hence normalized value -1.786)
Canonical variable is 2.070
Step 11 Identin, seven nearest catchments
Catchment Canonical Distance Cluster
var iable
Target 2.070
390 17 1.804 0 .266
70
0.462
0.778
(tab le em ilaiun on pag e 711
The catchment is therefore assigned to cluster I .
Remember that the distance is calculated using the standardized
weighting factors for BFI and SOIL are 1.0 and 1.6 respectively .
is the closest and its value of 53.8% is taken as the estimate of
catchment has a lower value of BFI than this closest catchment, wh
a sl ightly higher SPR.
Summary
Time to peak
Estimate from FSSR16 4.78 hours
From above 4.53 hours
From above with QBAR 4.86 hours
Derived from event data 3.84 hours
variables and the
Catchment 23005
SPR. The target
ich would hint at
á
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